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ABSTRACT

This paper is trying to propose a mechanism that only according
to the learner’s course selection records (current and even past)
to analyze the preference model of learner. Learner's interesting
order of course categories should be able to find out based on
what courses she/he had ever been took. In this paper, we use
directed graph to analyze and gencrate the learner's interesting
order of course caiegories. The preference model we developed
with directed graph will be able to growth, merge and adapt to
learners’ interest changes. Finally, actual results come from two
samples of undergraduate students in the department of
Information and Computer Engineering, Chung-Yuan Christian
Univ., arc used for evaluating our theory.,

Keywords: Association Rule, Data Mining, Graph Theory,
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1. INTRODUCTION

The course selection records of learners can be thought as the
course preferences of learners, although there are many issues
influence the learners’ choices such as "does this course easy to
pass?”, "when is the class?”. "does the teacher a gond teacher?"
erc..  Since learners’ choices are recorded by either course
selection system or formal documents, it should be able to
analyze via Data Mining techniques very easily. Data Mining
techniques are currently quite common used for analyzing
structured data in Business{9]{11]{13]. Education[8][10] and Al
fields.[11[7]

The most simple data mining algorithm is proposed by Agrawal
and Srikant in 1994, which called Apriori.[2] Based on Apriori
algorithm, the association rules, "A => B" for example, can be
found from large databases. However, the scenario of selecting
courses in school as Figure 1 shown below, each course has
several characteristics which cause the course belongs to one
course category and even several categories at the same time..
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Similar to our objective, other advanced algorithms are
separaiely proposed by Han and Srikant in 1995, called
multiple-level association rule.[6][12] However, from Example
I below we know that not every course belongs to one category,
most of them will involve more than one category. Therefore, a
new methodology is needed to achieve our goal consequently.

Example 1. Given 6 courses and its related categories
Fuzzy: Al {95%), Research (85%). Math (70%)
Neural Net: Al (90%), Research (85%), Math (70%)
Computer Mathematics: Research (90%). Math (90%)
Graph Theory: Research (100%), Math (80%)
Statistics: Math (100%) :
Data Mining: Al (95%), Research (90%)
There are several students who take different courses as
following:
Ken: Fuzzy and Neural Networks
Janie: Fuzzy and Statistics
John: Data Mining and Neural Networks. [J

As example described above, it will be not easy to know which
category that Ken really likes and perhaps the category weights
for each course are totally different from Ken's view.

Section 2 uses directed graph to model the learner's interesting
order of course categories based on their selection records. An
algorithm is developed and a simplc accompany example is also
provided in Section 3. Two samples of undergraduate students
are invited to use our experiment system (a course selection
systern) built on Web and a questionnaire sheet is used to verify
the preference models generated by our mechanism. The
comparisons are made in Section 4 and what can be done for
future researches will be discussed by Section 5.



2. INTERESTING ORDER OF COURSE CATEGORIES

As known each course will not just belong to only one course
category, for example, course Fuzzy in Example 1 belongs to
Artificial Intelligence, Research and even Mathematics. More
than that, as Example 1 represented above the degrees of the
rclations among course and categories are quite variedly.
Theretore, there are several works should be done before
analyzing the interesting order of course categories which
existed in the learner's mind:

i defining course categories

ii.  deciding what categories the course belongs to

iti.  weighting the relations of coursc and categories
These three requirements described above could be achieved
simply by inviting professionals’ participation.

To complete the analysis of interesting order of course
categories and find the preference model of learners, some
notations are needed 1o be defined first. In our previous study,
the relation matrix had been designed for representing both
relations and degrees between courses and categories.[41{5]
Example 2 takes Example 1 and makes a simple introduction to
the pre-defined notations below.

Example 2. (based on the Example 1) Given 6 courses and its
related categories
Courses,

C= {!"uzzy., NN, CMath, GTheory, Statistics, DM }
Categories, T = {1,, 1y, I;}= {AI. Research, Mmh}

[ fulFuzzy)  frema(Fuzzy) Sy (Fuzzy) |
fu(NN) Fserearcn (NN} Suen(NN)
o <! Tu (cMath)  frmn(CMath)  f,.,(CMath)
£, (GTheory)  funa(GTheory) £, (GTheory)

fu{Statistics)  fo,..on(Statistics) San (Statistics

fﬂi (DM) flé’nmn'h(DM) fAlmh(DM} _J
[0.95 0.85 0.70]
090 0.85 0.70
090 090 M
CM = 0 S0 (¢
0 I 0.80
0 0 1
1095 090 O |

After introducing the relative relatedness function f; and the

category matrix CM . the interesting order of course

categorics, A

course » CaD be constructed. Here, we use two

symbols 1o indicate different orders: ">" means more important
and "~" means undecided (still can not decide at present time).

Example 3. (according to Example 2) The learners’ interesting
order could be told when she/he takes

i. the course Neural Networks (NN for short):

£ (NNY=09> fons (NN)=0.85> f,,.. (NN }=0.70

= A,y = Al > Research > Math

ii. the course Computer Mathematics (CMath for short).

Fresears (CMath)=0.90 ~ f,,..(CMath)=0.90
= Aenan = Research ~ Math . O

As Example 3 demonstrated above, after one course is taken by
learner we probably could say she/he has different degree of
interest in different course categories. However, it is obviously
that several courses would be taken by one learner at the same
semester. Under such kind of situations, how can we deduct the
preference model of the learner with so many various
interesting orders from different courses she/he chooses?

As mentioned above, not only data mining techniques, but also
the directed graphs are needed to integrate the interesting orders
while modeling the lcarner's preferences. Figure 2 indicates
how to use graph to represent the interesting order. The Circles
in Figure 2 represent categories and the arrows indicate
important degree.

Research  }—-—#| Mathematics

more important less imporiant

“Fuzzy” Course

Figure 2. The interesting order for the course of Fuzzy

Beside ">" and "~" shown in Example 3, there is one more

symbol — implicitly more important (>). is also needed to
introduce when we try to merge two interesting orders. Let's
take Example 4 as an example.

Example 4. If two courses @ and [ are taken by a leamer.

then two interesting orders la and Eﬁ could be generated as
A, = Al
Ay = Al ~ Research
= Ay = Al > Research

Therefore, the interesting order in learner's mind shall be

"category Al is implicitly more important than category
Research.” O

3. ALGORITHM OF MODELING LEARNER'S
PREFERENCES

Al the beginning of this Section, we first define several graphs
for representing the different interesting orders in order to
design the algorithm of modeling the lcarner’s preference. In
Figure 3, an interesting order of course categories, A, s
mapping to a directed graph, Ga.(j,). Once the graph

representations for the interesting order are defined. a five steps
algorithm is designed to construct the preference models of
learners. A complete example, Example 5, will be given as a
demonstration for the algorithm.
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Figure 3. Graph expressions of the intercsting orders

Example 5. Given six interesting orders
A= A =1,
Ay =i,>0 > Ai=tg>0 ~ 1y
A=t~ 1 and Ay =14 .
what woutd be the preference model (merged interesting order)
of the learner? O
Step 1. Drawing the corresponding graphs. G (4,)
Let D:;}Gd(}i’,) , let ¥V :{v“yz’,“,vm} be the
vertex set of D, and vy is an clement in course

category set T . As Figure 4(a) shows below.

(a) redundant edge {(b) transitive edge

Figure 5. Unnecessary edges

Step 3. Grouping those vertices form cycles
Taking those vertices that will cause cycles and

grouping them with a single vertex, as Figure 6(a)
shown below.

Step 4. Adding implicit edges
LV ={v1v,e SINGLE}
ii. Mapping D to an undirected graph I/ _fevery
directed edges change to undirected one)
ifi. For any vertex v; € V; if there exists a path from
v, to v, and We Edge(U) . then add a

Figure 6(b)

demonstrates such operations described above.
iv. Repeat Step 2, deleting unnccessary edges as
Figure 7(a) shown.

directed edge vy, 10 D .

Step 5. Deleting Temp vertex and constructing order
i. Deleting the Temp vertices existin D .
ii. Constructing preference order by going through
those directed edges in D.
fii. Unfolding those grouping vertices combined by
Step 3, and the preference relations among those
vertices are “undecided.”

oNLC

Figure 4(a). Step | Figure 4(b). Step 2

Step 2. Deleting unnecessary edges
It there is more than one edge between any two

different vertices, AR then delete it. Besides, the

transitivity relation should be also considered. Figure
5 summaries these two conditions,

Figure 7(a). Repeat Step 2 Figure 7(b)

After applying the algorithm designed above, the final
preference model of the learner in Example 5 could be found as

A=t w(lll;t.ﬂ}Ql):!ﬁ”(td;tﬁ >~ 1, “!3)'




4. EXPERIMENTS AND RESULTS

An experiment system is built on the Web to let learners choose
courses online.[3] The course recommendation system uses the

algorithm proposed in this paper to make course suggestions for

learners after they took courses. Figure 8 describes the
operational process of the course recommendation system and
Figure Y represents several snapshots of the system. Figure 10
and Figure 11 represent two important steps in our system.
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igure 1 ourse Recommendation step
Via the course selection system we collected course selection
records of 4 consecutive school terms from the senior college
students in the depariment of Information and Computer
Engincering, and also conducted a questionnaire for the same
two classes of students (the class of 2001 and 2002). About the
class of 2001 who have graduated already, although the system

has analyzed the course selection records of 127 students, out of

83 quesiionnaires we sent out, only 34 have responded. About
the class of 2002, the system has analyzed the course selection
records of 102 students, and all 102 of them have responded to
our questionnaire. The accuracy rate of the preference sequence
between our deduction outcomes and students' questionnaire
returns can be seen in Figure 12 and Figure 13.

Figure 12 lists partial of preference sequences from the

feedback provided by students. The data stored in the second
column in Figure 12 is the actual preference orders of students
that are gathered from questionnaires. Column 3 to 7 represent
the preference sequences of cach semester analyzcd by using

our mcchamsm automancai!y during their 2™ year (2™

semester) to 4% year (2™ semester) in college. (We have 2
semesters in each school year)

m Questicanaizes 31l Yeas 3ed Yens 4th Yeas 4k Yeas
Rasel 150 semestey | 2ad semesws | 131 sommptey | Zad semestes

101 [B>A>F>Co02E : D E>A~B
103 [F>E>A>0>8>C B>A>C D

05 _IF>E>A>0XB>C B~t D

@ _|r>L>bp >A>(] ] CES

A _[F>0>C>BrAcD D

23 [F>E>A>D>8>C D A-B-E

% |E>D>I>BrCA C~(B>E

123 |F>E>D>A>C>B
140 |F>E>A>D>B>C
152 {F>E>B>A>C>0
154 (F>E>A>C>D>B
{185 |E>D>F>B>CoA
158 |F2E>D>A~B~C
204 | F2D>E>B>C03A
207 | C>B>A>F>E>D E>B
208 | C>B>A>F>E>D A>B {E>B
210 | C>BsA>FE>D E>8
11 | F2E2058540C 3o0) 185 :
Qeesticassies 2ad Yess 3rd Year 3rd Yoz 41h Veaz 4ab Year
Results Zed semsester | 13tsemesex | Zxd somester | 190 semester | Iad semmeer
214 | E>F>0D>B>A>C D~(B>E

217 | F>E>028>45C ) B>E

218 | F>E>0>C>B>A 8~E ¢

223 | ASC>F2E>B20 A~B~C

225 | A>C>F>E2B>D F> >A>C 0>B

226 | F>E>D>B>A>C D-(A>B;

228 | FrExpsB>ing

732 | CO>B2acFaE20 | B>ASC

233 ; F2E>DC>BrA B>A>C

235 | £2E>A>B>0>C o]
237 | F>ASB>E>D>C E~F3A~B~D €>8
738 | FrA>BrE>D>C B
239 | F>E>A>B2D2C {E3E

240 | F>E50>C>B2A
244 | F>E>ASBM0>C 12 3,

266 | F>A>B2E>05C € 1 £>8 B>E~(C>A)

Figure 12. Preference sequence of predicted by our
system and feedback from students
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™

Cells with black background in Figure 12 mean the interesting
order of students match our analysis results exactly. Cells with
gray background indicate there should be a little difference
between the interesting order in students’ minds and our analysis
results. Cells with white background mean our predictions are
somehow different to the interesting order in students’ minds.

Although the accuracy rates of the 4" year of college in both
Figure 13(a) and 13(b) are not good enough, a hypothesis is
made and can be verified with Figure 14. The hypothesis we
made here is "some of students are applying for or already being
accepted by graduate schools, they tend to follow graduate
school instructor’s guidance, which sometimes deviate
considerably from their prior perception of the order of relative
importance, to take courses more related to their future studies.”
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(a) class 2001 (b) class 2002
Figure 13. Accuracy rate caiculated from Figure 10
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Figure 14. Accuracy rates of the graduate school candidates
among class 2002



5. CONCLUSIONS

This paper proposes a graph-based muliiple-level association
algorithm for modeling the learners' interests in course
categories, with this algorithm an experiment system is built to
evaluate our theory. From now on, there are still several works
we shall do:

i. How to find course categories classified by students?

ii. Time series analysis should be made, which means can
we predict the students’ change of interest from year to
year.

iii. Course development: can we develop or plan a series of
courses depends on the student's major intcrests? (a sort
of professional education.)
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